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a b s t r a c t
We study whether disagreement is a useful proxy for uncertainty in the foreign exchange
market using monthly forecasts for the euro, British pound, and Japanese yen against the U.S.
dollar over the 2001–2017 period. We obtain measures of uncertainty and find that disagree-
ment is not robustly related to uncertainty, as results depend heavily on the forecast hori-
zon. In addition, we find that disagreement is positively associated with market liquidity and
trading activity. This confirms that disagreement is not a proper proxy for uncertainty and
suggests that it is more akin to heterogeneity.
© 2019 Elsevier B.V. All rights reserved.
1. Introduction
Although uncertainty is theoretically an appealing concept, the debate regarding the empirical measurement of uncertainty
is a long-standing one. Since uncertainty is essentially unobservable, one needs to rely on proxies. In the past, several authors
have argued that disagreement (or ‘dispersion’) among forecasters is a natural and useful proxy for uncertainty. Miller (1977)
argues that uncertainty about future price levels implies that agents disagree about their point forecasts. Zarnowitz and Lambros
(1987) note that, in the case of high uncertainty, there will be disagreement, but individual forecasters will also be uncertain
about their own forecasts. They demonstrate this through wide confidence bounds around the point forecasts.
The more recent empirical literature, however, casts doubt on the propriety of using disagreement as a proxy for uncertainty.
For instance, Bomberger (1996) analyzes the relation between disagreement and uncertainty using inflation forecasts and con-
cludes that the two often comove but are not the same. Giordani and Soderlind (2003) show, however, that disagreement is
a better proxy of inflation uncertainty than what previous studies have indicated. Furthermore, Lahiri and Sheng (2010) argue
that disagreement is only a good proxy for uncertainty when the variance of aggregate shocks is small, and Rossi et al. (2016)
find that disagreement only captures a tiny fraction of uncertainty.
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In this article, we extend the analysis of whether disagreement is an appropriate proxy for uncertainty by considering a
survey dataset of market participant and analyst forecasts that covers the euro, British pound, and Japanese yen vis-à-vis the
U.S. dollar over four forecast horizons spanning the 2001–2017 sample period. This represents a particularly long period, with
several tranquil and turbulent episodes and, to the best of our knowledge, a different economic variable than typically studied
for this question. One of the main benefits of focusing our analysis on the foreign exchange market is that our results will not be
affected by short sale constraints.1 This reason was also brought forward by Beber et al. (2010).
The foreign exchange market is an important but relatively overlooked asset class in regard to measurements of uncer-
tainty and disagreement. It is important due to its sheer size, and because several authors have linked disagreement to
foreign exchange puzzles and risk premia. For instance, Fisher (2006) proposes a model where the forward premium of
the foreign exchange depends on the diversity of prior beliefs about a country’s inflation process. Gourinchas and Tor-
nell (2004) propose investors’ distorted beliefs about interest rates as an explanation for both the forward premium puzzle
and the delayed overshooting puzzle. Similarly, Beber et al. (2010) show that disagreement about future currency returns
has a large impact on currency risk premia, while Spronk et al. (2013) demonstrate that carry traders in a heterogeneous
agent model are part of the explanation of foreign exchange rate puzzles. The foreign exchange market is relatively unno-
ticed, as most studies evaluating measures of uncertainty and disagreement tend to focus on macroeconomic variables such
as inflation and economic output (Lahiri and Sheng, 2010; Jurado et al., 2015; Rossi et al., 2016), or company earnings
and stock returns (Diether et al., 2002; Johnson, 2004). Our study thus provides an interesting complement to previous
work.
Following Lahiri and Sheng (2010), Jurado et al. (2015), and Rossi et al. (2016), we define uncertainty as the variance of the
unforecastable component of exchange rates (i.e., the variance of the forecast error). We calculate the measures of disagreement
and uncertainty based on a monthly exchange rate survey database that includes the three most actively traded currencies vis-
à-vis the U.S. dollar. With these explicit measures for disagreement and uncertainty, we directly assess their relation while
controlling for market risk, which might also affect disagreement.
Whereas uncertainty is one cause for disagreement, the alternative explanation is that disagreement reflects hetero-
geneous probability beliefs (Varian, 1985). This heterogeneity might arise, for example, when individual forecasters use
different forecasting models, or have access to asymmetric information. Under such circumstances, individual forecast-
ers will disagree and, hence, give dispersed point forecasts. In contrast to uncertainty-driven disagreement, heterogeneity-
driven disagreement does not necessarily coincide with individual forecasters being uncertain about their point fore-
casts.
A number of researchers have studied how heterogeneity in agents’ expectations affects asset prices (Diether et al., 2002;
Fama and French, 2007; Hong and Sraer, 2016). Jongen et al. (2012) find that dispersion in beliefs about foreign exchange rates
is driven by heterogeneous and time-varying weights on subsets of public information, such as the interest differential, past
returns, and fundamental value estimates. Heterogeneity can also be based on information asymmetry (Shalen, 1993). Finally,
even if agents have access to the same information and use the same models, limited attention to public information might
cause forecasts to be dispersed (DellaVigna and Pollet, 2009).
To assess the extent to which disagreement captures heterogeneity, we test the impact of disagreement on foreign exchange
trading activity and market liquidity. Heterogeneity has a potentially positive effect on trade by creating scope for transactions
between agents with different views (Naes and Skjeltorp, 2006; Hong and Sraer, 2016). It is by now well established that the
large volume of foreign exchange markets cannot be explained by international trade alone (Frankel and Froot, 1990) and that
heterogeneity of market participants is necessary to explain such large volumes.2 A positive relation between heterogeneity
and volume is documented by, among others, Harris and Raviv (1993), Buraschi and Jiltsov (2006), and Banerjee and Kremer
(2010). Lee and Swaminathan (2000) use high trading volume as a proxy for differences of opinion. Carlin et al. (2014) find
that higher levels of disagreement in the mortgage-backed securities market are followed by higher volume and higher volatil-
ity.
Whereas heterogeneity may have a positive effect on volume, market conditions generally deteriorate when there is high
uncertainty, leading to lower trade volumes and lower liquidity. Overall, investors become more hesitant to update their port-
folios (de Castro and Chateauneuf, 2011) given that, in times of high uncertainty, valuation is more difficult and agents might
not be able to consistently order portfolio preferences (Easley and O’Hara, 2010). There is also some evidence that uncertainty
affects nonparticipation in equity markets (Easley and O’Hara, 2009). We therefore hypothesize that uncertainty should have
a negative effect on trading activity and market liquidity, whereas heterogeneity should have a positive effect on these mea-
sures.
In this article, we provide several contributions to the literature and corroborate some of the earlier results from different
markets and asset classes. We find that disagreement is an unstable proxy for uncertainty, as the results are conditional on the
forecast horizon. Only for relatively short forecast horizons is disagreement related to uncertainty. These results are consistent
with the findings of Bomberger (1996), Lahiri and Sheng (2010), and Rossi et al. (2016) for macroeconomic variables. Moreover,
consistent with Hong and Stein (2007), we find that disagreement is positively related to both trading volume and market
1 As Goetzmann and Massa (2005) note, the impact of differences of opinion on returns is conditional on the existence of short selling constraints.
2 See Hong and Stein (2007) for an overview of the literature on disagreement and volume.
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liquidity. These results are especially strong for the longer forecast horizons and become stronger once we control for risk and
uncertainty. This confirms our earlier findings that disagreement is not a stable proxy for uncertainty and suggests that it is
more akin to heterogeneity.
The remainder of this article is organized as follows. In Section 2, we derive our measures of disagreement, uncertainty,
and risk. We also postulate hypotheses for the relations between those variables, and their impact on foreign exchange trading
volume and market liquidity. In addition, the construction of the exchange rate survey is outlined. Our empirical results are
provided and discussed in Section 3. Finally, Section 4 concludes the article.
2. Methods and data
In this section, we first describe how we measure disagreement, uncertainty, and risk. We then proceed with the description
of the data we employ, specifically the survey data that is central to our measures. We finally explain the empirical tests used to
lay bare the relations between disagreement, uncertainty, and risk.
2.1. Disagreement, uncertainty, and risk
Following Jurado et al. (2015) (JLN), we assume that uncertainty about a certain economic variable, yt , is related to the
unpredictability of that variable rather than its variability and can therefore be defined as “the conditional volatility of the













in which 𝜎t is the 12-month rolling standard deviation of the numerator and It is the information set available at
time t.3




is obtained by forming factors from a large set of predictor variables and
using these in a diffusion index forecast. Aggregate macroeconomic uncertainty is then computed as a weighted average of
the uncertainties of individual macroeconomic series. To mimic the methodology of JLN as closely as possible, we could have
calculated our measure of uncertainty by generating forecast errors from a large number of forecasting models. However, as
Scotti (2016) argues, survey responses are public information, and thus market participants have access to them. In addition, it
is well-known that macrovariables are more predictable than exchange rates (Rossi, 2013), and thus the methodology of JLN is
more suitable for such variables.
We modify the JLN methodology by taking survey forecasts rather than model-generated forecasts. Specifically, each sur-




, of the exchange rate y at horizon h, based on all information















Note that our proposed measure of uncertainty is quite similar to the decomposition in Bomberger (1996) and
Lahiri and Sheng (2010). However, they label the common components, or the variance of aggregate shocks, as
‘mean forecast uncertainty’ (i.e., the uncertainty of choosing the mean forecast), and the total of the variance
of aggregate shocks and disagreement as ‘individual uncertainty’ (Bomberger) or ‘aggregate uncertainty’ (Lahiri and
Sheng). Scotti (2016) also computes an uncertainty index based on forecast errors from survey participants. How-
ever, she uses the mean forecast of Bloomberg responses and aggregates the forecast errors of several macroeconomic
variables.





























representing the realized value and the mean forecast of the exchange rate, respectively.
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Table 1
Descriptive statistics: number of survey forecasts.
EURUSD GBPUSD USDJPY EURUSD GBPUSD USDJPY
1M 3M
Mean 55.2 53.7 54.3 58.7 57.0 57.8
Median 55.5 54.0 54.5 60.0 58.0 58.0
Min. 41.0 40.0 40.0 39.0 38.0 37.0
Max. 66.0 64.0 65.0 72.0 68.0 71.0
St.Dev. 4.8 4.9 4.9 6.0 5.7 6.0
6M 12M
Mean 57.8 56.1 57.0 57.8 56.2 57.0
Median 58.0 57.0 57.0 58.0 57.0 57.0
Min. 40.0 38.0 38.0 39.0 38.0 37.0
Max. 71.0 68.0 70.0 71.0 68.0 70.0
St.Dev. 5.7 5.4 5.7 5.8 5.7 5.8
Notes: This table presents descriptive statistics on the number of survey forecasts per currency-horizon pair
in our sample.
2.2. Data
Based on the methodology above, we use a dataset with foreign exchange forecasts,4 the realized outcomes of those forecasts,
and data on volatility and trading activity.
There are several reasons why foreign exchange survey data are appropriate when studying disagreement. Expectations
are not directly observable, as they are an input to an investment decision. As such, we need to rely on revealed or stated
beliefs when constructing a measure of disagreement. Given that financial decisions are typically the result of a combination of
preferences and beliefs and are therefore difficult to disentangle, we opt for stated beliefs. One possible issue with surveys is
that forecasters might not report their true expectations (i.e., their survey responses may not coincide with their stated beliefs).
This issue is mitigated by the specific survey we use, as the names (companies) are revealed and the forecasters’ reputations
are therefore affected. In a recent paper, Gennaioli et al. (2015) illustrate the substantial informational content of survey data.
Survey data are similar in nature to the analyst forecasts, which is used in many studies to measure disagreement as it captures
the forecasts of market participants about a financial variable (e.g. Diether et al., 2002; Anderson et al., 2005).
We obtain forecasts from a large survey executed among foreign exchange dealers and analysts by Thomson Reuters. The
forecasters are representatives from 84 major financial institutions; the full list of names is given in the Appendix A. The survey
data contains point forecasts of the exchange rate for three of the largest and most liquid currency pairs: the euro, British
pound, and Japanese yen against the U.S. dollar from 2001 to mid-2017 at the monthly frequency. On average, approximately 60
forecasters participate in the survey and give their forecast for one, three, six, and 12 months ahead. At the start of the sample,
the average number of forecasters is approximately 50; this increases to 60 in 2008 (see the Appendix A). Table 1 gives the
number of forecasters per currency-horizon pair. The numbers are highly similar across currencies and horizons, suggesting
that the forecasters either give all their forecasts or none. The number of forecasts ranges between 40 and 70. Given that the
total number of surveyed institutions is 84, the response rate is rather high. In general, the forecasters give their forecast by
the first Tuesday of the month, which is then published by Thomson Reuters the following day. We have the full list of dates
available upon request. From this data set, we compute measures of disagreement and uncertainty, as defined in the previous
subsection.
We extract realized exchange rates and implied volatilities from Thomson Reuters (obtained through Datastream).5 Intraday
data are obtained from the Reuters Tick Capture Engine (RTCE).6 Because the foreign exchange market is decentralized, there is
no direct measure of trading volume that captures the volume of the whole market. The RTCE data provide us with the number
of trades, which is a good proxy for volume since trade size is highly standardized in the currency markets that we consider. In
line with previous literature on volume, we work with excess trading activity rather than gross trading activity (Llorente et al.,
2002). In this way, we control for the trend in trading volume. Specifically, we obtain:






in which we take N equal to the forecast horizon h.
4 The interest in studies using survey data in financial economics has been increasing in recent years (e.g. Ben-David et al., 2013; Greenwood and Shleifer,
2014; Gennaioli et al., 2015).
5 Thomson Reuters provides FX implied volatility indices per currency based on at-the-money call and put options at constant maturity points for a set of
different maturities. We match the maturity of the implied volatility with the forecast horizons as closely as possible.
6 For most of our sample period, most interdealer FX trading is executed on either the Reuters or EBS platform. Although EBS is the main trading platform for
the large currencies, a substantial amount of trading for these currency pairs takes place via RTCE. This is less the case for the USDJPY currency pair, so the trade
activity and liquidity measures for the yen are slightly lower and less representative of the entire market.
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Table 2
Descriptive statistics: survey-based variables.
EURUSD GBPUSD USDJPY
1M 3M 6M 12M 1M 3M 6M 12M 1M 3M 6M 12M
Disagreement
Mean 0.021 0.036 0.052 0.072 0.025 0.042 0.059 0.079 1.876 3.236 4.578 6.340
Median 0.020 0.034 0.048 0.066 0.024 0.039 0.055 0.075 1.810 3.210 4.471 6.209
Maximum 0.049 0.102 0.199 0.243 0.063 0.090 0.113 0.141 4.860 5.924 8.370 10.463
Minimum 0.011 0.020 0.027 0.041 0.013 0.022 0.037 0.049 0.883 1.852 2.580 3.310
Std. Dev. 0.006 0.011 0.021 0.026 0.007 0.012 0.015 0.018 0.508 0.724 1.005 1.399
Observations 210 210 210 210 210 210 210 210 210 210 210 210
Uncertainty
Mean 0.023 0.044 0.063 0.078 0.019 0.036 0.055 0.072 0.023 0.044 0.066 0.104
Median 0.019 0.040 0.062 0.068 0.017 0.031 0.045 0.062 0.019 0.036 0.059 0.106
Maximum 0.107 0.192 0.185 0.213 0.089 0.185 0.267 0.287 0.092 0.146 0.191 0.224
Minimum 0.000 0.001 0.000 0.000 0.000 0.000 0.002 0.000 0.000 0.001 0.000 0.001
Std. Dev. 0.019 0.033 0.041 0.055 0.016 0.031 0.044 0.056 0.017 0.033 0.047 0.055
Observations 210 209 206 200 210 209 206 200 210 209 206 200
Notes: This table presents the descriptive statistics of the survey-based variables. Disagreement is given by equation (3) and uncertainty by equation (1).
In addition, we consider the effects of disagreement on FX market liquidity. We measure market liquidity as the bid-ask
spread (relative to the mid-quote):
Liqt = 100 ∗ (Sask − Sbid)∕Smid. (5)
The measures for trading volume and liquidity are calculated over the exact same period as the forecasting horizon for the FX
polls. We match the forecast horizon by obtaining the number of days between each poll date and forecasted date and calculate
trading volume or liquidity over that same period. For example, if there are 24 trading days between today’s poll and the date
for which the (one-month) forecast is made, trading volume (cumulative) and liquidity (average) are calculated over the next
24 trading days.
The descriptive statistics in Table 2 show a number of interesting patterns. First, we find that disagreement and uncertainty
consistently increase as the forecast horizon increases. This suggests that forecasting becomes increasingly challenging as the
horizon expands (Andrade et al., 2016). This is also reflected in the increasing range and standard deviations over the forecast
horizons. Although the differences are relatively small, it is interesting to compare uncertainty across the currencies.7 We find
that the forecasters are the least uncertain about the British pound, and the most uncertain about the yen. This ranking is in line
with the volatilities of the currencies.
The descriptive statistics of the market-based variables in Table 3 also reveal a number of interesting patterns. First, there
is a clear ranking in liquidity: the pound is the most liquid, followed by the euro and the yen. This might reflect the charac-
teristics of the RTCE platform, on which the commonwealth currencies are heavily traded. Implied volatility increases with
maturity, reflecting the volatility skew of foreign exchange options. The British pound is the least volatile currency; the euro
and yen have slightly higher but comparable volatilities. Trading volume is generally negative. This implies a downward slop-
ing trend in the number of trades over our sample period for all three currencies. This finding is particularly strong for the
yen.
Fig. 1 provides a graphical representation of our main variables of interest: Disagree, Uncertainty, and Risk (implied volatil-
ity). We show the variables for the one-month forecast horizon; patterns are qualitatively similar for the other forecast horizons.
First, we observe that the time-series trends are quite similar across the variables, for all currencies. This reflects the fact that the
three variables measure related concepts. The main difference between the variables appears to be in variability; uncertainty is
the most volatile, followed by disagreement and implied volatility. Large spikes in the variables can be matched with important
economic events. For example, all variables clearly jump at the end of 2008, corresponding to the Lehman Brothers bankruptcy.
The Lehman effect appears to be somewhat less important for the yen, especially its disagreement. The euro measures subse-
quently show sharp increases in 2010 and 2011. This coincides with the developments related to the Greek debt crisis. After the
“Whatever it takes” speech by European Central Bank president Mario Draghi in July 2012, we observe that all measures drop
to historical lows for the euro. Clearly recognizable for the British pound is the jump in mid-2016, coinciding with the European
Union referendum. The yen also shows a remarkable jump at the end of 2016. This coincides with the election of Donald Trump
as president of the U.S., which was perceived as an important factor for the Japanese international trade position and, thereby,
its currency.
7 Disagreement cannot be compared across currencies as it is not unit free.
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Table 3
Descriptive statistics: market variables.
EURUSD GBPUSD USDJPY
1M 3M 6M 12M 1M 3M 6M 12M 1M 3M 6M 12M
Bid-ask spread
Mean 0.134 0.137 0.134 0.129 0.021 0.023 0.023 0.023 0.302 0.330 0.331 0.338
Median 0.056 0.058 0.065 0.073 0.019 0.021 0.021 0.022 0.162 0.211 0.221 0.267
Maximum 1.396 0.934 0.698 0.554 0.081 0.068 0.053 0.042 9.962 3.815 1.940 1.151
Minimum 0.016 0.020 0.027 0.032 0.009 0.012 0.013 0.015 0.026 0.034 0.047 0.057
Std. Dev. 0.210 0.174 0.150 0.115 0.010 0.008 0.007 0.006 0.776 0.546 0.388 0.291
Observations 210 209 205 197 210 209 205 197 210 209 205 197
Implied volatility
Mean 10.341 10.452 10.570 10.708 9.143 9.303 9.475 9.649 10.400 10.395 10.504 10.673
Median 10.000 10.350 10.400 10.450 8.400 8.581 8.790 9.032 9.950 9.950 10.125 10.250
Maximum 23.750 22.150 20.000 18.600 25.300 23.000 21.700 20.100 23.000 21.000 18.800 17.250
Minimum 4.350 4.890 5.350 5.740 4.600 5.050 5.450 5.650 5.000 5.575 6.262 6.800
Std. Dev. 3.041 2.812 2.619 2.462 3.164 2.821 2.620 2.465 2.680 2.354 2.172 2.097
Observations 210 210 210 210 210 210 210 210 210 210 210 210
Excess trade
Mean −1.951 −7.322 −14.418 −29.538 −1.764 −6.727 −13.491 −27.001 −2.599 −9.565 −19.668 −40.543
Median −1.206 −7.103 −13.612 −28.978 −1.236 −6.110 −13.295 −26.692 −1.927 −8.972 −19.017 −38.275
Maximum 8.810 6.286 5.120 −2.488 8.424 1.704 −2.549 −8.951 8.468 6.706 −0.226 −14.403
Minimum −19.278 −23.544 −35.749 −59.104 −15.329 −21.596 −28.230 −48.452 −16.131 −30.820 −48.081 −77.167
Std. Dev. 3.849 5.584 7.344 11.269 3.822 4.789 5.570 7.354 4.304 6.817 8.553 12.426
Observations 210 209 205 197 210 209 205 197 210 209 205 197
Notes: This table presents the descriptive statistics of the market-based variables. Liquidity, as measured by the bid-ask spread, is given by equation (5).
Implied volatility is the volatility implied from the currency options with maturity corresponding to the forecast horizons. Trading volume, measured by
excess trade, is given by equation (4).
Table 4 presents the correlations between disagreement, uncertainty, risk, as well as trade and liquidity. Within the three
currencies, the correlations are quite consistent: Risk, uncertainty, and disagreement are positively correlated with each other,
confirming the results from Fig. 1. Risk and disagreement show an especially strong correlation of approximately 60%. All three
measures are weakly negatively correlated with trading volume and strongly positively correlated to liquidity. Hence, it appears
that all three measures are negatively related to market activity using data from the 1-month forecast horizon. Trading volume
and liquidity, finally, are negatively correlated, which is expected. Across currencies, we observe that the variables have a strong
and positive correlation. This finding suggests that there is a positive association between the economic circumstances in the
three markets.
2.3. Methodology
To evaluate the extent to which disagreement proxies uncertainty, we run two sets of tests. First, we compare disagreement
with our measure of uncertainty. Second, we look into the implications that risk, uncertainty, and heterogeneity might have
for market trading activity and liquidity. Specifically, for the first set of tests we use ordinary least squares (OLS) to estimate
the relation between disagreement and uncertainty, controlling for risk. We include risk in the model because it can also affect
disagreement by the same reasoning as uncertainty. We estimate different forms of the following empirical model:
Disagreet = 𝛼 +
I∑
i=1
𝛽Lagi Disagreet−i + 𝛽UncUncertaintyt + 𝛽RiskRiskt + 𝜀t, (6)
where Disagree is the cross-sectional standard deviation over the survey respondents, Uncertainty is the survey-based uncer-
tainty measure given by equation (1), and Risk is measured by implied volatility. For all measures, we match the forecasting
horizon of the survey respondents to the horizon over which the measures are computed. We include lags of Disagree to account
for the autocorrelation caused by the fact that the forecast horizon extends the data frequency for h > 1, where we set I = 3
for all forecasting horizons and currencies. Furthermore, we calculate robust standard errors to account for the remaining auto-
correlation and heteroskedasticity.
To further assess the relation between disagreement and uncertainty, we study the effects of uncertainty on trading activity
and liquidity. Market conditions generally deteriorate when there is high uncertainty, leading to less trade and lower liquidity.
Overall, investors become more hesitant to update their portfolios (de Castro and Chateauneuf, 2011), given that, in times of
high uncertainty, valuation is more difficult and agents might not be able to consistently order portfolio preferences (Easley and
O’Hara, 2010). There is also some evidence that uncertainty affects nonparticipation (Easley and O’Hara, 2009). Heterogeneity,
on the other hand, can have a positive effect on trade by creating scope for transactions between agents with different views
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Fig. 1. Uncertainty, risk, and disagreement.
(see Diether et al., 2002). A positive relation between heterogeneity and volume is documented by, among others, Harris and
Raviv (1993), Buraschi and Jiltsov (2006), and Banerjee and Kremer (2010). In the model of Harris and Raviv (1993), differences
of opinion arise from the heterogeneous interpretation of common information. Likewise, Lee and Swaminathan (2000) even
use high trading volume as a proxy for differences of opinion.
We look into the effect of risk, uncertainty, disagreement, and two measures of FX market trading activity: the trading volume
and liquidity. This is estimated using:
Xt,t+h = 𝛼 + 𝛽DisDisagreet + 𝛽UncUncertaintyt + 𝛽RiskRiskt + 𝜀t, (7)
where Xt,t+h is a measure for trading volume or liquidity in the foreign exchange market from time t to t + h. Note that we
take Xt,t+h over the exact forecasting horizon; in other words, the survey is taken at the start of the period, whereas the market










































Dis Unc Risk Trade Liq Dis Unc Risk Trade Liq Dis Unc Risk Trade Liq
Dis 1.000 0.160 0.649 −0.050 0.229 0.630 0.120 0.597 −0.051 0.276 0.180 0.079 0.432 −0.102 −0.038
Unc 1.000 0.287 −0.053 0.313 0.075 0.470 0.217 −0.023 0.354 0.111 0.167 0.199 −0.010 0.087
Risk 1.000 −0.093 0.445 0.416 0.179 0.759 −0.026 0.483 0.258 0.094 0.609 −0.115 0.014
Trade 1.000 −0.071 −0.037 0.021 −0.032 0.783 −0.342 −0.189 −0.050 −0.065 0.559 −0.075
Liq 1.000 0.124 0.108 0.299 −0.023 0.475 0.204 0.139 0.373 −0.060 0.037
Dis 1.000 0.125 0.664 −0.054 0.254 0.301 0.062 0.469 −0.146 −0.013
Unc 1.000 0.236 0.082 0.236 0.065 0.199 0.139 0.024 0.000
Risk 1.000 −0.020 0.486 0.354 0.154 0.746 −0.129 0.050
Trade 1.000 −0.382 −0.105 −0.088 −0.053 0.573 −0.104
Liq 1.000 0.319 0.244 0.429 −0.291 0.370
Dis 1.000 0.144 0.544 −0.201 0.044
Unc 1.000 0.188 −0.031 0.111
Risk 1.000 −0.209 0.055
Trade 1.000 −0.081
Liq 1.000
Notes: This table presents the correlations between our variables of interest including liquidity and trading volume. “Dis” denotes disagreement; “Unc” uncertainty; “Risk” implied volatility; “Trade” trading
















































































































































































































































R2 0.74 0.75 0.77 0.77 0.79 0.79 0.80 0.80 0.74 0.71 0.75 0.72
Notes: This table presents the estimation results of equation (6). The estimated values for 𝛽Lag 1, 𝛽Lag 2, and 𝛽Lag 3 are suppressed for reasons of space. Robust T-values in parentheses; ∗, ∗∗ , ∗∗∗ represents statistical
significance at the 10%, 5%, and 1% level, respectively.
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We hypothesize that 𝛽Unc and 𝛽Risk are negative when Xt,t+h represents trading volume, and positive when Xt,t+h represents
liquidity. These hypotheses are inspired by Bollerslev and Melvin (1994), who find a positive relation between uncertainty and
bid-ask spreads in the foreign exchange market, and Pastor and Stambaugh (2003), who finds a correlation of −0.57 between
market-wide liquidity and volatility.8 As explained above, we further hypothesize that, if disagreement captures uncertainty,
then we should find a negative 𝛽Dis when Xt,t+h represents trading volume, and a positive 𝛽
Dis when Xt represents liquidity as
measured by the bid-ask spread.
3. Results
In this section, we present our empirical results. We start with the direct comparison between the disagreement, risk, and
uncertainty measures, followed by the results of the analysis of the consequences for trade and liquidity.
3.1. Disagreement and uncertainty
Overall, the estimation results in Table 5 reveal that disagreement is positively associated with risk and, in some cases,
also with uncertainty. The relation between disagreement and uncertainty is significant in five out of 12 univariate currency-
horizon pairs. The results are particularly strong at the shorter forecast horizons for all three currency pairs. The 𝛽Unc estimates
are significant at the 1-month horizon for all currencies, for two out of three at the 3-month horizon, and for none at longer
horizons. The same result holds for the multivariate regression results. The latter implies that the relation between disagreement
and uncertainty is not affected by the inclusion of risk.
Disagreement has a strong correlation with risk measured as implied volatility. In all but one case, both univariate and mul-
tivariate, we find a positive and significant estimate for 𝛽Risk . The 12-month forecast horizon for the USDJPY is the exception.9
Our results suggest that disagreement is not a robust measure of uncertainty because the relation is highly sensitive to the
forecast horizon. These results are consistent with the findings of Bomberger (1996), Lahiri and Sheng (2010), and Rossi et al.
(2016) for macroeconomic variables. To further understand the relation between disagreement and uncertainty, we now turn
to our tests based on the implications of uncertainty on trading volume and market liquidity.
3.2. Implications for trading activity and market liquidity
Our results from Subsection 3.1 show that disagreement is not robustly associated with uncertainty. However, as summa-
rized in Section 1, there is ample evidence in the literature that disagreement has implications for asset pricing and trading
activity. We therefore turn to analyzing the effects of uncertainty on trading volume and liquidity.
The estimation results in Table 6 reveal that the relation between disagreement and trading volume is significant in eight
out of 12 cases in the univariate case. This is consistent with the findings of Hong and Stein (2007) for the equity market. For
the euro and the pound, the sign is positive, indicating that disagreement does not proxy for uncertainty but for heterogeneity.
For the yen, the sign is negative, suggesting that disagreement captures uncertainty in that case. We also find that the relation
between disagreement and trading volume generally becomes stronger as the forecast horizon increases. In addition, the relation
becomes stronger in the multivariate model when we control for uncertainty and risk. This is in line with what we would
expect, as controlling for uncertainty should capture the uncertainty component in disagreement such that the heterogeneity
component remains. It is only for the yen at the six and 12-month horizons that disagreement has a negative effect. The opposite
result for the yen could be driven by the fact that the coverage of the yen on the RTCE platform is lower than for the other
two currencies. As observed in Table 3, trading in the yen decreases over our sample period. At the same time, we find that
disagreement is relatively flat for the yen, with a single peak toward the end of the sample. This combination could be driving
the negative coefficient and should therefore be interpreted with caution.
For neither of the currencies do we find a strong relation between uncertainty and trading volume. For the majority of the
horizon-currency combinations, the sign for uncertainty is negative, as expected, but typically not significant. For the yen, 𝛽Unc
is positive and significant for the longer forecast horizons. This is interesting given that 𝛽Dis is negative and significant for these
cases. This might again be explained by the decay in trade in the yen on the RTCE platform.
The most robust result is the negative relation between trading volume and risk: for almost all specifications and horizon-
currency combinations, especially in the multivariate cases, higher risk is associated with lower trading volume. This is in line
with our hypothesis, as implied volatility is a direct measure of risk, which causes risk-averse agents to trade less.
Finally, we examine how market liquidity is related to disagreement, risk, and uncertainty. The results in Table 7 show that,
for the short horizon forecasts (the 1- and 3-month forecasts), there is no clear relation between disagreement and liquidity.
Disagreement about the 6- to 12-month horizons, however, is negatively associated with bid-ask spreads and, thus, positively
associated with FX market liquidity. This confirms our earlier findings that disagreement does not represent uncertainty. Similar
8 Trading volume and the bid-ask spread are negatively correlated, as seen in Table 4.
9 The estimated coefficients for the USDJPY are an order of magnitude larger than the other currency pairs. This is because disagreement is measured as the
































































































































































































































































































R2 0.17 0.09 0.12 0.22 0.00 0.10 0.03 0.15 0.13 0.24 0.07 0.44
Notes: This table presents the estimation results of equation (7) with trading volume as given by equation (4) as the dependent variable. Robust T-values in parentheses; ∗ , ∗∗ , ∗∗∗ represents statistical significance
































































































































































































































































































R2 0.06 0.21 0.01 0.23 0.01 0.10 0.02 0.14 0.21 0.00 0.09 0.20
Notes: This table presents the estimation results of equation (7) with liquidity given by equation (5) as the dependent variable. T-values in parentheses; ∗ , ∗∗ , ∗∗∗ represents statistical significance at the 10%, 5%,
and 1% level, respectively.
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to the results on trading volume in Table 6, for liquidity we again find the opposite effect for the yen. Higher disagreement is
related to higher bid-ask spreads, thus indicating that, in the case of the USDJPY, disagreement behaves more like an uncertainty
measure; although the results for the yen should be interpreted with caution, as explained above.
The contrast between the results for disagreement with those for risk and uncertainty are striking: whereas disagreement
is typically positively associated with liquidity, both risk and uncertainty tend to be negatively related to market liquidity,
consistent with Bollerslev and Melvin (1994) and Pastor and Stambaugh (2003). Uncertainty has a consistent positive effect on
bid-ask spreads over the next h months for the euro and the pound, implying that higher uncertainty is related to poorer market
liquidity. The relation between risk and liquidity is somewhat less strong but is always negative. In the multivariate model, we
find that uncertainty tends to dominate risk.
4. Conclusion
We examine whether disagreement is a proxy for uncertainty in the foreign exchange market using survey data for a set of
bilateral exchange rates relative to the U.S. dollar over the 2001–2017 period. We measure uncertainty in the style of Jurado
et al. (2015) and Scotti (2016) based on forecast error variance, along with implied volatility as a proxy for risk, to explain the
variation in disagreement. We find that disagreement is a poor proxy for uncertainty, as our results are sensitive to the forecast
horizon.
We also investigate in what way disagreement, uncertainty, and risk impact foreign exchange trading volume and market
liquidity. We find that disagreement is associated with both higher market liquidity and higher trading volume, especially
for the longer forecast horizons. This confirms our findings that disagreement is different from uncertainty and suggests that
disagreement is more akin to heterogeneity.
Based on these results, we can conclude that disagreement is not a robust measure of uncertainty, but does have a tendency
to be a measure of heterogeneity. Our results have broad implications for various actors. First, academics should be cautious
about relying too much on disagreement as a measure for uncertainty, as this is not always the case and may have opposite
implications for markets and market participants. Second, uncertainty-averse agents do not necessarily have to avoid periods
of high disagreement, ceteris paribus, as it may also indicate quite advantageous market circumstances. Finally, policy makers
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